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Abstract—Continued advances in PV and battery energy
storage technologies have made hybrid PV-battery systems an
attractive prospect for residential energy consumers. However
the process to select an appropriate system is complicated by the
relatively high cost of batteries, a multitude of available retail
electricity plans and the removal of PV installation incentive
schemes. In this paper, an optimization strategy based on an
individual customer’s temporal load profile is established to
maximize electricity cost savings through optimal selection of
PV-battery system size, orientation and retail electricity plan.
Quantum-behaved particle swarm optimization is applied as the
underlying algorithm given its well-suited application to problems
involving hybrid energy system specification. The optimization
strategy is tested using real-world residential consumption data,
current system pricing and available retail electricity plans to
establish the efficacy of a hybrid PV-battery solution.
Index Terms—Cost benefit analysis, Photovoltaic systems, En-
ergy storage, Batteries, Particle swarm optimization.
I. INTRODUCTION
Energy storage systems for residential applications, particu-
larly lithium-ion based battery systems, have undergone rapid
development in the past five years. A range of stationary
energy storage devices from manufacturers including Tesla
Motors, Enphase, Mercedez Benz, Samsung and LG have been
recently introduced to the market. In Australia, average annual
electricity prices have risen 4.5% over the last 10 years [1],
2.5% higher than the inflation rate target [2]. Consequently the
application of battery systems to complement existing rooftop
PV systems or the installation of new hybrid PV-battery
solutions are of particularly interest to energy consumers
aiming to reduce their net electricity bills.
The performance of PV-battery systems in reducing energy
costs have been investigated in [3]–[6] where prescribed PV
and battery sizes were tested under various tariffs [3], [4],
incentive schemes [5] and temporal resolution of energy
consumption data [6]. However existing research has been
primarily structured around typical PV-battery systems and
consumption profiles, rather than investigating strategies to
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enable individual customers to optimize a system based on
their own circumstances.
In this paper an optimization methodology is developed with
the aim to assist potential PV-battery investors in determining
the economic efficacy of a hybrid PV-battery system. Models
for solar insolation, PV energy output, battery operation, in-
stallation cost and maintenance cost are presented to form key
components of the underlying optimization problem. In order
to maximize the net benefit of a hybrid system, the PV power
rating, PV orientation, retail electricity plan and currently
available retail battery products and battery operating modes
are optimally selected. The objective function is formulated
as a net present value (NPV) evaluation of the electricity cost
savings that can be achieved through the introduction of a
hybrid PV-battery system compared to a known lowest cost
retail electricity plan.
A form of particle swarm optimization (PSO), known as
quantum-behaved PSO (QPSO), is utilized due to its fast
convergence speed, natural handling of optimization parameter
constraints and simplicity of implementation. The algorithm is
tested in an Australian context for three residences in the state
of New South Wales using one year of hourly energy data and
five years of solar insolation data from the Australian Bureau
of Meteorology. Time-of-use (TOU) retail electricity plans
from three large Australian retailers as well as current PV
and retail battery pricing are applied in order to establish the
feasibility of installing a PV-battery system under prevailing
market conditions.
II. MODEL DEFINITION
A. Solar Insolation Model
The total hourly insolation IT on a tilted plane includes
contributions from beam insolation, diffuse insolation and
a ground reflected component. A multitude of transposition
models have been developed enabling the estimation of inso-
lation on a tilted plane based on horizontal insolation data.
Among the available models, the Hay-Davies-Klucher-Reindl
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(HDKR) model, represented by (1), has been identified as one
of the more accurate [7], [8].
IT = (Ib +AiId)Rb
+ Id(1−Ai)
(
1 + cosβ
2
)[
1 + f sin3
(
β
2
)]
+ Iρg
(
1− cosβ
2
)
(1)
In (1), Ib and Id are the hourly beam and diffuse insolation
on a horizontal plane respectively, Ai = Ib/Io, f =
√
Ib/I , I
is the global horizontal radiation, Io is the hourly extraterres-
trial insolation incident on a horizontal plane projected from
the Earth’s surface, ρg is the ground reflectance and Rb is the
ratio of tilted to horizontal beam radiation. Importantly, Rb is
a function of panel tilt β and panel azimuth γ, equations for
which are well established in literature and can be found in
[8]. Consequently tilt and azimuth must be optimized in order
to maximize the incident insolation IT on a PV array.
Finally, it should be noted that γ = 0◦ implies a north facing
surface in this paper.
B. Photovoltaic Model
According to Duffie and Beckman [8], the output energy of
a PV system is defined as:
Epv = AcZIT ηmppηeζpv (2)
where Ac is the PV panel area, Z in the number of panels,
ηmpp is the PV panel operating efficiency, ηe is the efficiency
of the associated balance of plant and ζpv is the annual
degradation factor of the PV panels. Although not explicitly
defined in this paper, ζpv is assumed to be linear, in-line with
the manufacturer’s warranty.
The operating efficiency ηmpp is defined as:
ηmpp = ηmpp,STC + µmpp(Tc − Ta) (3)
where Ta and Tc are the ambient and cell temperatures
respectively, ηmpp,STC is the panel efficiency at standard test
conditions and µmpp (%/W) is the power coefficient. Both
ηmpp,STC and µmpp are defined in manufacturer data sheets.
The cell temperature Tc is defined as:
Tc = Ta + (TNOCT − 20) · GT
800
· (1− ηmpp,STC) (4)
where GT is the incident irradiance (assumed to be uniform
over an hour period and therefore equal to IT ) and TNOCT is
the cell temperature under nominal operating cell temperature
(NOCT) conditions as detailed in manufacturer data sheets.
In an Australian context, PV system costs are subsidized
through small-scale technology certificates (STCs). The quan-
tity of STCs generated after installation is based on the power
rating Ppv,rat and a location multiplier Mloc. In this paper
Mloc is assumed to be 20.73 (for the east coast of New South
Wales) while STCs are assumed to be worth CSTC = $34 [9].
Consequently in Australia, the net system cost Spv is defined
as:
Spv = UpvPpv,rat −MlocPpv,ratCSTC (5)
where Upv is the average price per watt peak. Based on data
provided in [9], March 2016 Upv prices were (in AUD) $3.20,
$3.00, $2.55, $2.35 and $2.20 for 1 kW, 1.5 kW, 3 kW,
5 kW and 10 kW rated systems respectively. When solving
the optimization problem presented in Section III, the price
corresponding to the closest system size is used.
The PV modules considered in this research were modelled
based on 280 W Trina Solar TSM-PC05A polycrystalline
modules.
C. Battery Model
The battery models defined in this section are structured
based on manufacturer warranties and guarantees to establish
the economic benefit the owner can expect over the lifetime
of the system.
The maximum capacity of a battery decreases over its life-
time due to a number of factors, chief of which is the number
of charge/discharge cycles undergone. The degradation rate
ζbatt (kWh/cycle) is defined as:
ζbatt = (Cmax 0 − CEOL)/YEOL (6)
where Cmax 0, CEOL and YEOL are the initial maximum
capacity, end-of-life maximum capacity and cycle life respec-
tively as defined in manufacturer data sheets.
The maximum capacity Cmax,qdh available at the start of
each hour h, in day d and billing period q, is assumed to be
a linear function of the number of operational cycles Yqdh in
the previous hour such that:
Cmax,qdh = Cmax,qd(h−1) − Yqd(h−1)ζbatt (7)
It should be noted that Yqdh generally represents only a
partial cycle for hourly intervals and therefore represents only
a fraction of the energy throughput of a full discharge/charge
cycle. Yqdh is defined as follows:
Yqdh =
Ebpv,qdh + Ebg,qdh + Ebd,qdh
2DCmax,qdh
(8)
where Ebd,qdh, Ebpv,qdh and Ebg,qdh are the discharge, PV
charge and grid charge energy flows respectively and D is the
maximum depth of discharge.
The available capacity at the start of each hour is a function
of the capacity at the start of the previous hour and the total
charge/discharge energy that has flowed to/from the battery
cells in the previous hour. The available capacity Cqdh is
therefore defined as:
Cqdh = Cqd(h−1) − Ebd,qd(h−1) + Ebpv,qd(h−1)
+ Ebg,qd(h−1) (9)
The charge and discharge energy flow terms are defined in
(10)–(12).
Ebpv,qdh = max
{
min
[
Cmax,qdh − Cqdh,
(Epv,qdh − Eload,qdh)(1− F ),
Rmax(1− F )
]
, 0
}
(10)
Ebg,qdh = max
{
min
[
Cmax,qdh − Cqdh,
Rmax(1− F )
]
(M3 +M4)Iop,qdh
− Ebpv,qdh, 0
}
(11)
Ebd,qdh = max
{
min
[
Cqdh − Cmax,qdh(1−D),
(Eload,qdh − Epv,qdh)/(1− F ), Rmax
]
× [(M2 +M4)Ish,qdh
+ Ipk,qdh
]
, 0
}
(12)
In (10)–(12), Epv,qdh, Eload,qdh and Rmax are the PV
generated energy as defined in (2), load energy demand and
rated continuous charge/discharge rate respectively. Iop,qdh,
Ish,qdh, Ipk,qdh and terms of the form Mx are battery operation
control variables defined later.
It should be noted that the charge energy flow terms
Ebpv,qdh and Ebg,qdh are considered to be the net additional
charge to a battery after losses while the discharge energy term
Ebd,qdh is the total energy discharged from the battery (i.e.
usable energy plus losses). The losses have been accounted
for through the inclusion of a loss factor F = (1 − ηbatt)/2
where ηbatt is the battery round-trip efficiency.
The total energy loss due to battery charging and discharg-
ing is:
Ebloss,qdh = Ebpvloss,qdh + Ebgloss,qdh + Ebdloss,qdh (13)
where Ebpvloss,qdh, Ebgloss,qdh and Ebdloss,qdh are the losses
during PV charging, grid charging and discharging respec-
tively defined in (14)–(16).
Ebpvloss,qdh = max
{
min
[
(Cmax,qdh − Cqdh)/(1− F ),
Epv,qdh − Eload,qdh,
Rmax
]
, 0
}
F (14)
Ebgloss,qdh = max
{
min
[
(Cmax,qdh − Cqdh)/(1− F ), Rmax
]
× (M3 +M4)Iop,qdh
− Ebpv,qdh, 0
}
F (15)
Ebdloss,qdh = max
{
min
[
Eload,qdh − Epv,qdh, Rmax,
Cqdh − Cmax,qdh(1−D)
]
× [(M2 +M4)Ish,qdh
+ Ipk,qdh
]
, 0
}
F (16)
In addition to increasing the self-consumption ratio of PV
generated energy (by effectively translating PV generated en-
ergy to non-generation periods), an energy storage system can
also be used to perform energy arbitrage by charging during
low cost off-peak hours and discharging during peak periods.
In this paper, a review of various battery operating modes is
undertaken to determine the most economically efficient mode
for each residence assessed. The operating modes considered
are defined as follows:
Mode 1: PV generation shifting. Discharge in peak only.
Mode 2: PV generation shifting. Discharge during shoulder
and peak periods.
Mode 3: Energy arbitrage and PV generation shifting. Dis-
charge in peak only.
Mode 4: Energy arbitrage and PV generation shifting. Dis-
charge during shoulder and peak periods.
As previously indicated, (11), (12), (15) and (16) are con-
trolled by the operation mode variables M1, M2, M3 and M4
where:
Mx =
{
1 if in Mode x
0 otherwise
(17)
The variables Iop,qdh, Ish,qdh and Ipk,qdh control battery
charge and discharge based on the tariff period within which
a particular hour lies and take the form:
Iop,qdh =
{
1 if h ∈ {offpeak hours}
0 otherwise
(18)
with similar equations for Ish,qdh and Ipk,qdh for shoulder and
peak hours respectively.
The final component of the battery model is the battery cost,
defined simply as:
Sb = UbX (19)
where Ub is the price per battery and X is the number of
battery units installed.
Two battery systems were considered in this research – the
Tesla Motors 13.5 kWh 5 kW Powerwall 2 and the more
modular 1.2 kWh 260 W Enphase AC Battery. Values for the
battery model parameters defined in this section including D,
Ylife, YEOL, CEOL and ηbatt were based on the manufacturer
datasheets [10] and [11] for the Tesla and Enphase systems
respectively. Based on pricing provided by Tesla, the fully
installed cost of the Powerwall 2 is AU$10,000 [12], while
the cost of the Enphase battery is approximately AU$2,000
[13].
D. Maintenance Model
During the lifetime of a PV-battery system, periodic main-
tenance as well as battery and inverter replacements are
required. In this paper, the lifespans of PV modules and
inverters/batteries are assumed to be 20 years and 10 years
respectively. Consequently with t billing periods per year,
inverters/batteries will require replacement after 10t billing
periods. Furthermore periodic maintenance is assumed to
occur every 5t billing periods. The system maintenance costs
are therefore defined as:
Wq =

200 if q−15t ∈ Z+, q−110t /∈ Z+
400 + κinvUinvSpv + κbSb if q−110t ∈ Z+
0 otherwise
(20)
where Uinv is the inverter replacement cost ($/Wac) and κinv
and κb are cost reduction factors for the inverter and batteries.
Given a current average per unit inverter cost of US$0.29/Wac
[14], the per unit PV inverter costs are assumed to be
Uinv = AU$0.41/Wac (assuming AUD/USD exchange rate of
0.7). The cost of inverters and batteries are forecasted to reduce
significantly over the next 10 years with reductions of 31% and
53% respectively between 2015-2025 [15]. Consequently the
cost reduction factors in (20) are assumed to be κinv = 0.69
and κb = 0.47.
III. OPTIMIZATION PROBLEM
The objective of this research is to maximize the electricity
cost savings achieved through optimal selection of a hybrid
PV-battery system based on high resolution smart meter load
data and prevailing economic and PV-battery market condi-
tions. Cost savings are quantified through an NPV analysis
performed on the difference in electricity costs between a
known lowest cost retail electricity plan and a hybrid PV-
battery system combined with other currently available retail
electricity plans.
As previously indicated in Section II-C and II-D, hourly
evaluations of the energy flows are conducted for each hour
h in day d and billing period q. Maximizing the net benefit
over all the billing periods Q in the lifetime of the system is
the objective of the optimization problem as defined below.
A. Problem Definition
Given:
1) Latitude and longitude of the location
2) Hourly load and insolation profile
3) A real annual discount rate of 3.92% (6% nominal rate
and 2% inflation)
4) Real annual electricity price growth of 2%
5) PV system balance of plant efficiency (90%)
6) System lifespan (20 years)
Find: Tilt angle β, azimuth angle γ, number of PV panels Z
and number of batteries X
Objective:
max
β,γ,Z,X
NPV =
Q∑
q=1
(Cbase,q − Cpvbatt,q) (1 + re)q
(1 + rd)
q
−
Q∑
q=1
Wq
(1 + rd)
q −
(
Spv + Sb
)
(21)
Subject to:
0 ≤β≤ 180 for β ∈ R (22a)
−180 <γ≤ 180 for γ ∈ R (22b)
0 ≤Z≤ Zmax for Z ∈ Z+ (22c)
0 ≤X≤ Xmax for X ∈ Z+ (22d)
In (21), Cpvbatt,q and Cbase,q are the cost of electricity with
and without a PV-battery system within the billing period q.
As quarterly billing is assumed in this paper, the real discount
rate 3.92% and the real annual electricity price growth of 2%
are adjusted to the quarterly effective rates rd = 0.97% and
re = 0.50% respectively.
The terms Cbase,q and Cpvbatt,q are defined as:
Cbase,q =
D∑
d=1
(
24∑
h=1
Tgrid0,qdhEload,qdh + Tsc0,qd
)
(23)
Cpvbatt,q =
D∑
d=1
{
24∑
h=1
[
Tgrid,qdhmax (0, Ebal,qdh)
− Tfeed,qdhmax (0,−Ebal,qdh)
]
+ Tsc,qd
}
(24)
where Tgrid0,qdh and Tgrid,qdh are the grid imported electricity
tariff of the base plan and tested plan respectively for the hth
hour of day d with D days in the billing period, Tsc0,qd and
Tsc,qd are the daily electricity supply charges for the base
plan and tested plan respectively, Tfeed,qdh is the PV feed-in
tariff and Ebal,qdh is the net energy flow balance of the terms
defined in Section II-C, expressed as:
Ebal,qdh = Eload,qdh − Epv,qdh − Ebd,qdh
+ Ebpv,qdh + Ebg,qdh + Ebloss,qdh (25)
As the optimization parameters Z and X are limited to
integer values (with respective maximums Zmax and Xmax
determined by the customer’s available space restrictions),
while β and γ may take any real value within the domain
of the constraints, the problem is classified as a mixed-integer
non-linear programming (MINLP) problem.
B. Optimization Algorithm
To solve MINLP problems, metaheuristic programming
methods such a PSO have seen increased application in the
last decade, with PSO already applied to a number of PV
optimization problems [16]. PSO simulates the social interac-
tion within bird flocks to achieve a global objective without
a governing central controller [17]. A modified version of
PSO described by Sun et al. [17] known as Quantum-behaved
PSO (QPSO), uses the principles of quantum mechanics, in
particular quantum delta potential wells, to sample around the
best positions to eventually find the global best position. The
defining algorithm for QPSO is relatively simple and requires
fewer parameter adjustments between problems than PSO [17].
Furthermore, QPSO handles parameter constraints naturally
with no specific modifications required to the algorithm, as
opposed to PSO.
In order to handle the discrete parameters Z and X ,
the hypercube nearest-vertex approach adopted in [18] was
utilized, which effectively rounds the position of the candidate
particle to the nearest integer prior to evaluating the objective
function. For installation simplicity, the tilt and azimuth angles
were also considered as discrete in this analysis.
The QPSO optimization algorithm was developed and sim-
ulated in Matlab version R2015b.
IV. INPUT DATA
Electricity consumption data measured over a one-year
period for three arbitrarily selected customers from the Aus-
tralian Government initiated ‘Smart Grid, Smart City’ project
[19] was used in the analysis. Daily insolation and ambient
temperature data over a five year period for each location were
derived from the Australian Bureau of Meteorology Climate
Data Online database [20]. The daily data was converted to
hourly data using the methodology established in [21].
The electricity tariff structures tested in the optimization
problem were based on real 2016 TOU rates from three large
Australian retailers.
V. RESULTS AND DISCUSSION
Table I shows a summary of the optimized PV-battery
systems for each customer under retail electricity plans from
three large retailers. For each customer, Retailer B was found
to provide the greatest benefit. For Customer 1, the maximum
system size of 8.4 kW (Zmax = 30, 280 W PV panels)
was reached, while Customer 3 was also found to potentially
benefit from a relatively large PV system of 7.56 kW. In
contrast, the optimal PV system for Customer 2 was found to
be a far smaller system at 4.2 kW. The optimal tilt and azimuth
angles also varied for each customer but were found to be in
20-30 degree range. However importantly for the customers
assessed, no instance was found whereby an energy storage
system would yield an economic benefit higher than a PV-
only system based on current battery pricing.
To determine the price point at which a hybrid PV-battery
system becomes an economically beneficial option for each
customer, an NPV sensitivity analysis was undertaken on
battery pricing. Referring to Fig. 1, systems consisting of
either the Tesla Powerwall 2 or an Enphase AC battery become
viable for Customer 1 when unit costs are reduced to 70% of
2016 pricing. Customers 2 and 3 would first see a benefit from
the small, more modular Enphase system at the 60-70% price
point but would not see a benefit from a larger Tesla system
until pricing reached 30-40% of current levels.
Fig. 2 shows the number of batteries that constitute the
optimal system as battery prices are decreased. For the
more modular Enphase battery system, an increase in battery
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Fig. 2. Number of batteries in PV-battery system for varying installed battery
costs (Retailer B, Mode 2 operation)
quantity is observed for each customer as prices decrease.
Customer 1, having a relatively high energy demand, would
benefit the most from a larger number of Enphase batteries
at each price point compared to the other two customers.
TABLE I
CHARACTERISTICS AND ECONOMIC PERFORMANCE OF OPTIMIZED PV-BATTERY SYSTEM FOR DIFFERENT RETAIL ELECTRICITY PLANS
Customer Retailer Battery Size (kWh) PV Size (kWp) Tilt Azimuth NPV MIRR Payback (Years)
1
A 0 8.4 29◦ 30◦ $10,534 7.39% 9.3
B 0 8.4 29◦ 30◦ $11,153 7.52% 9.0
C 0 8.4 29◦ 30◦ $10,745 7.44% 9.0
2
A 0 4.2 31◦ 26◦ $672 4.88% 18.4
B 0 4.2 31◦ 26◦ $917 5.04% 17.8
C 0 4.2 31◦ 26◦ $732 4.92% 18.2
3
A 0 7.56 29◦ 25◦ $4,601 6.06% 13.8
B 0 7.56 29◦ 25◦ $5,044 6.19% 13.6
C 0 7.56 30◦ 26◦ $4,870 6.14% 13.6
TABLE II
ECONOMIC PERFORMANCE UNDER DIFFERENT BATTERY OPERATING
MODES (TESLA BATTERIES, COST = 10% OF 2016 PRICES)
Customer Op. Mode
Battery Size PV Size
NPV
(kWh) (kWp)
1
1 27 8.4 $17,446
2 27 8.4 $19,637
3 27 7.56 $16,721
4 27 8.4 $18,102
2
1 13.5 4.2 $3.800
2 13.5 4.2 $4,931
3 13.5 4.2 $3,269
4 13.5 4.2 $4,232
3
1 13.5 4.2 $7,313
2 13.5 4.2 $8,678
3 13.5 4.2 $6,785
4 13.5 4.2 $7,652
In contrast Customer 3 would not benefit from additional
batteries until the 30% price point is reached, after which the
customer could can take immediate advantage of additional
units as prices continue to decrease. However for the larger
Tesla system, a single battery was found to be sufficient for all
customers under all battery price scenarios with one exception
being an additional battery for Customer 1 at the 10% price
point.
Table II summarizes the effect of battery operation mode on
the NPV for each customer. The table considers a significantly
deflated battery pricing scenario of 10% of 2016 installation
costs whereby energy arbitrage would yield its greatest benefit
among the price points considered in this research. In all
instances, Mode 2 was found to produce the highest NPV,
i.e. the battery operating to maximize self-consumption of
PV generated energy in shoulder and peak periods with
no energy arbitrage. Consequently, even with significantly
deflated battery costs, under current TOU electricity tariffs and
with electricity prices continuing to increase at current rates, a
battery system engaging in energy arbitrage was not found to
provide any additional economic benefit than a battery system
purely used for PV generation load shifting.
VI. CONCLUSION
Significant price reductions in PV and battery systems have
sparked considerable interest in hybrid PV-battery solutions
at the residential level. However optimal system selection is
critical to ensure the economic viability of such systems for a
particular customer’s energy requirements.
An optimization tool was developed in this paper and
applied to three real-world electricity customers. Based on
current PV and battery system prices, no battery system was
found to be economically viable for the residences assessed,
however optimized PV-only systems were found to yield a net
benefit for all customers.
A sensitivity analysis was conducted on battery pricing
to determine the price point at which a hybrid PV-battery
system would yield a net benefit improvement. The results
showed that significant price reductions to 60-70% of current
prices are required before the tested customers could take
advantage of an energy storage system. It was also concluded
that customers can generally take advantage of a modular
system of smaller batteries earlier than a bulk energy storage
system. Additionally, the results indicated that the current size
of the Tesla Powerwall 2 battery is large enough for most
energy storage needs even with battery prices at significantly
deflated levels.
Finally, various battery operating modes were examined
to determine the most economically beneficial operation. No
instances were found whereby energy arbitrage yielded a
greater benefit than purely maximizing PV self-consumption.
This observation continued to hold at all battery pricing levels.
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